The measurement of the efficiency of public education expenditure using parametric and non-parametric methods has proven challenging. This paper seeks to overcome the difficulties of earlier studies by using a hybrid approach to measure the efficiency of secondary education spending in emerging and developing economies. The approach accounts for the impact of the level of development on education outcomes by constructing different efficiency frontiers for lower-and higher-income economies. We find evidence of large potential gains in enrollment rates by improving efficiency. These are largest in lower-income economies, especially in Africa. Reallocating expenditure to reduce student-to-teacher ratios and improving the quality of institutions could help improve the efficiency of education spending. Easing the access to education facilities and reducing income inequality could also help improve efficiency.
Introduction
Measuring the efficiency of education spending in emerging and developing economies has been a thorny challenge for researchers. Commonly used techniques, such as Data Envelopment Analysis (DEA) and Stochastic Frontier Analysis (SFA), have proven problematic for different reasons. Under DEA and other non-parametric techniques, for example, it is difficult to incorporate a large number of explanatory variables. Studies using these techniques have typically related public education spending, as a single input, to educational outcomes. This approach, however, neglects the effect of exogenous factors (such as the level of economic development) on educational outcomes. If these other factors also affect educational outcomes, a single input DEA will produce biased efficiency scores. Non-parametric techniques also assume there is no measurement error in the relationship between inputs and outputs. On the other hand, under SFA and other regression-based approaches it is possible to incorporate a larger number of inputs and to control for stochastic influences. In practice, however, it has been difficult to apply these approaches, because of the statistically insignificant relationship between spending (and other inputs) and outcomes. This paper contributes to the literature by adopting a modified version of the hybrid approach developed by Wagstaff and Wang (2011) that helps address the weaknesses of both DEA and SFA, and providing a more refined measure of education spending efficiency. In particular, this approach is used to compute the efficiency of secondary education public expenditure for emerging and developing economies and the associated potential gains in net enrollment rates that could be achieved by eliminating inefficiencies. This innovative method does not require any assumption about the distribution of the efficiency scores and allows for multiple efficient observations. At the same time, it takes into account statistical noise as in SFA and thus helps address measurement error. In addition, the hybrid approach computes an efficiency score on the basis of actual observations on the efficiency frontier, rather than hypothetical ones. It allows for exogenous constraints, such as the level of development, by constructing different frontiers for different groups. This paper splits the sample into lower-and higher-income groups and constructs group-specific efficiency frontiers.
Consistent with the literature, we find evidence that secondary education expenditure is inefficient in many emerging and developing economies, especially in Africa. The results suggest that at current spending levels, economies in the lower-income group could improve their net enrollment rate, on average, by 36 percentage points, which compares to 7 percentage points in higher-income economies. We also find that a higher student-to-teacher ratio and a higher share of rural population are associated with greater inefficiency in public education spending. The results suggest that policies aimed at reallocating expenditure to reduce student/teacher ratios (where these are high), improving the quality of institutions, easing the access to education facilities, and reducing income inequality can help improve the efficiency of education spending.
The remainder of this paper is structured as follows. Section 2 analyzes in detail the issues faced in the literature in measuring the efficiency of education spending in emerging and developing economies. Section 3 shows some descriptive statistics on the education sector, discusses the hybrid approach, presents the results, and assesses their robustness. Section 4 concludes the paper.
A Selective Review of the Research Assessing Education Spending Efficiency
Efforts to date to assess the efficiency of public education expenditure for emerging and developing economies have been largely limited to the application of non-parametric techniques. Gupta and Verhoeven (2001) employ the Free Disposal Hull (FDH) technique to estimate the efficiency of government expenditure in health and education. They assess the education sector's performance by taking expenditure in purchasing power parity (PPP) terms as an input and gross enrollment rates in primary and secondary schools as outputs. The authors note that adding GDP per capita lowers or cancels the significance of the impact of expenditure on educational output. They argue that the high collinearity of GDP per capita with the expenditure variables is a critical problem, and address the issue by splitting the sample by level of development. They conclude that African countries are less efficient than countries in Asia and in the Western Hemisphere, even though there is wide variation within the region. Herrera and Pang (2005) work with a sample of 140 developing countries over 1996-2002 to estimate the efficiency of public expenditure in health and education. For education, they use public expenditure as an input and gross primary enrollment and completion rates as outputs. The authors note the positive relationship between expenditure and the level of economic development and suggest that it can be explained by the Balassa-Samuelson effect, according to which price levels in wealthier countries tend to be higher than those in poorer countries. Since this applies to both final goods and factor prices, the price of education will be higher in the country with higher GDP per capita. This is especially the case for nontradable goods and services (such as most education services). As in Gupta and Verhoeven (2001) , they divide the sample to address the impact of the level of development on the efficiency of education expenditure. As a second strategy, they also calculate the orthogonal component from a regression between education public expenditure and GDP per capita and introduce it as an input in the DEA. Using this approach, they find that rich countries tend to be in the less efficient group. They identify urbanization as a factor associated with higher efficiency, while the level of expenditure, the government wage bill as a ratio of total expenditure, and income inequality are negatively correlated with efficiency. Gupta et al. (2007) use DEA on a sample of 50 low-income countries to evaluate the efficiency of education and health expenditure. For education, the authors take public expenditure on education in PPP terms as an input and primary net enrollment and youth literacy rates as outputs. No effort is made to control for the level of development, but the authors acknowledge the need to interpret the results with caution since the output variables are likely to be influenced by factors other than spending. They find no clear relationship between income per capita and the efficiency of education spending. The performance of poor countries varies widely, depending on the output indicator.
One of the few applications of parametric methods can be found in Jayasuriya and Wodon (2003) that use SFA to estimate health and education efficiency frontiers for a sample of 76 countries for the period 1990-98. The authors take the primary enrollment rate as the output variable and real GDP per capita, adult illiteracy, and education expenditure per capita (private and public) as input variables. They also control for changes over time and differences across regions by adding a time trend and regional dummies. The findings suggest that neither education expenditure nor regional differences have a statistically significant impact on net primary enrollment. A second step analysis reveals that efficiency is associated with urbanization and bureaucratic quality. Greene (2005) uses Herrera and Pang's dataset to estimate health and education efficiency with SFA. For education, primary and secondary school enrollment rates (gross and net), youth literacy rates, primary and secondary completion rates, and average years of schooling are used as dependent variables. Education spending and teachers per student are the independent variables. Adult literacy rates and aid revenue are included as controls. The author shows that fitting SFA models is problematic. First, he attempts the estimation of a panel model for primary and secondary school enrollment rates, but this returns implausible coefficients. Second, following Herrera and Pang, the author takes the 1975-95 and 1996-2002 averages and estimates a two-period panel assuming a normal-truncated normal distribution. The regression coefficients are better behaved and the author finds that the most relevant determinant of student educational outcomes is the adult literacy rate, followed by the teacher-to-student ratio. However, expenditure is not significant and in some cases takes a negative sign.
Empirical Analysis

An Overview of the Education Sector
Emerging and developing economies are very different from advanced ones with respect to education spending and outcomes (see Table 1 ).
1 Education absorbs resources of about 4½ percent of GDP in emerging and developing countries, about 1 percentage point less than in advanced economies. However, since these economies generally have smaller governments, education expenditure accounts for 16½ percent of general government expenditure, 3½ percentage points more than in advanced economies. In percent of GDP, emerging and developing economies spend relatively more on primary education, while advanced economies spend more on secondary education. However, when measured in PPP per capita terms, advanced economies spend about five times more than emerging and developing ones on both primary and secondary education.
Unsurprisingly, outcome indicators are less favorable in the emerging and developing economies. Net secondary enrollment rates, for example, are about 30 percentage points lower, while adult literacy rates lag behind those in advanced economies by 20 percentage points. Student-to-teacher ratios are substantially higher in emerging and developing economies.
There are also differences in economic and social conditions that can influence educational outcomes. For example, emerging and developing countries are likely to experience more difficulties in accessing education facilities as rural areas are more populated than in advanced economies and this is also reflected in a lower population density. Also, income per capita in the emerging and developing economies is about ¼ of that in the advanced economies, income distribution is considerably more unequal, and the quality of governance is lower.
The Hybrid Methodology
Wagstaff and Wang (2011) introduce the hybrid approach. In their study, the authors calculate a hybrid frontier using data for education and health. On education, two analyses are carried out for illustrative purposes. The first uses school-level data in California, and the second uses data from the OECD's Program for International Student Assessment (PISA) to evaluate the efficiency of national education systems. However, the paper only aims at showing how the hybrid technique works and no interpretation of the results is proposed.
We describe here the application of the hybrid approach to analyze public expenditure efficiency in secondary education for emerging and developing economies, and highlight how this technique deals with the issues faced by previous studies. Since the policy challenge for the countries in the sample is on improving outcomes (rather than reducing spending), we modify the original version of the technique to measure output-based efficiency. In other words, we focus on estimating inefficiency in terms of how much additional output could be achieved at current levels of spending.
We build a panel dataset of 89 emerging and developing economies over the 2000-10 period and focus on secondary education. The dataset consists of 310 country-year observations. We assume that country at time uses an input (i.e., public expenditure per student on secondary education in PPP terms) to produce an output (i.e., secondary enrollment rate) at a certain cost. While it would be preferable to have an indicator that measures the transfer of knowledge (e.g., test scores, such as PISA scores), these data are not available for most of the sample under consideration. Thus, we use net enrollment rates, which are calculated by adjusting the gross enrollment rate for the number of students that are above the normal age for that grade. Arguably, this is a better measure of output than the gross enrollment rate, as the latter can be inflated by a high share of students that need to repeat one or more grades because they are not ready to move to the next level. The cutoff dates of the dataset are determined on the basis of data availability. In particular, data on secondary net enrollment rates are not widely available before 2000. Figure 1 presents a scatter plot of spending per student and the secondary school net enrollment rate, which provides an intuitive sense of how our measure of spending input is correlated with educational output.
The first stage of the method resembles the DEA as it consists of an envelopment process. Under the hybrid method is dubbed "grid search," which identifies the efficient observations. These are defined as those having the highest net enrollment for each level of expenditure per student. However, since more than one data point may have the same level of net enrollment, we define a caliper of size that is moved along the axis in steps of size , with s and equal to 10, or 0.1 of the standard deviation of the output variable.
2 Thus, for every "expenditure per student" range, we identify the data point with the highest net enrollment and mark it as efficient as shown in Figure 2 . Table 2 summarizes the findings of the grid search. Out of the 310 data points available, only 42, or 14 percent, are labeled as efficient. The second stage introduces stochastic features. We apply a locally weighted scatter plot smoothing (LOWESS) through the data points that have been marked as efficient in the first stage. 3 While this approach does not address omitted variable bias, it helps to address measurement error as it produces a smooth set of values from the scatter plot by running a series of locally weighted regressions. 4 This is represented in Figure 3 , with the stochastic frontier defined in terms of the predicted net enrollment rate for each efficient data point.
The second stage introduces stochastic features. We apply a locally weighted scatter plot smoothing (LOWESS) through the data points that have been marked as efficient in the first stage. 5 While this approach does not address omitted variable bias, it helps to address measurement error as it produces a smooth set of values from the scatter plot by 3 See Cleveland (1979) for details on LOWESS. 4 The LOWESS defines a neighborhood for each efficient point (bandwidth) and fits a regression line weighted by the distance of the points in the neighborhood. The frontier is then defined as the predicted net enrollment of each efficient observation.
5 See Cleveland (1979) Governance indicators WGI political stability (-2.5 to 2.5) 0.82 -0.31 WGI voice and accountability (-2.5 to 2.5)
1.23 -0.37 WGI government effectiveness (-2.5 to 2.5) 1.51 -0.42 CPIA public sector transparency (1 to 6) … 2.87 CPIA public administration quality (1 to 6) … 2.99 running a series of locally weighted regressions. 6 This is represented in Figure 3 , with the stochastic frontier defined in terms of the predicted net enrollment rate for each efficient data point. Another point to be noted is that the first two stages may leave some observations above the smoothed frontier. This happens because the efficient data points identified in the first stage have their net enrollment replaced by the predicted one in the second stage. For these observations, their inefficiency is set to zero, as it is for observations on the frontier.
In the third stage, we calculate the potential gains by implementing a Mahalanobis matching (see Leuven and Sianesi, 2003 , for further discussion). This allows the match of every data point off the frontier with the closest data point on the frontier. The distance between the inefficient data point and its matched efficient one is expressed in terms of net enrollment rate and represents the output-based measure of inefficiency. The advantage of this procedure is that every data point is matched with a country observation in the dataset that has managed at a certain point in time to produce the highest level of output at a certain cost. This stands in contrast with DEA and SFA, where the inefficiency is calculated as the distance of each inefficient observation from the frontier that includes hypothetical comparators.
In presence of exogenous factors affecting the outcome variable, efficiency scores may be inaccurate. In line with Burgess (2006) , Wagstaff and Wang (2011) argue that the inefficiency scores need to take into account "exogenous constraints" (i.e., the level of development), in the moment in which the scores are generated. We address the problem by splitting the sample into two groups corresponding to two income quantiles: a "higher-income" and "lower-income" group. 7 The average income of the higher-income group (US$16,269 in PPP terms) is more than five times that of the lower-income group and presents much higher variability. Figure 4 presents the probability distribution of the potential gains for the two income groups calculated with a hybrid frontier for the entire sample. It clearly shows how inefficiency is distributed differently in the two income groups, suggesting the importance of controlling for the level of development. Figure 5 shows how low-and high-income data points are clustered with respect to the enrollment rate. The low-income data points have a systematically lower enrollment rate at a given level of spending, suggesting that GDP per capita is a critical factor to control for and that there are substantial differences in the education production function across these 7 To classify economies into higher-and lower-income we first calculate the economy's mean of the GDP per capita in PPP terms over the years for which there are observations, and then divide the sample with respect to the 50 th percentile (median). two country groups. Thus, as in Gupta and Verhoeven (2001) and Herrera and Pang (2005) , we take this heterogeneity into account by generating a different frontier for each income group. However, unlike these earlier studies, we use the hybrid approach described earlier. Figure 5 shows how the location and the shape of the frontier vary across the two income groups.
Results
We compute the efficiency scores and the associated potential gains by country with respect to the relevant frontier and present the country ranking in Figure 6 . Over 2000-10, the average potential gain for the 89 economies in the sample is 23 additional enrolled students for every 100 students (in net terms). This implies that, on average, efficient economies could increase their net enrollment rate by this amount without any additional spending. The country-specific shares of the potential gain to the potential enrollment rate (potential gain plus actual enrollment rate) are then calculated and presented in Table 3 . These ratios can be conceptually compared to output-based DEA and SFA scores.
Assessing the efficiency of an observation against its relevant frontier reduces the potential gain of low-income economies and therefore increases the efficiency scores. By splitting the sample and measuring the efficiency against the relative frontier, we find that poorer economies are on average less efficient than richer ones. The results suggest that the average efficiency score for the high-income group is 90 percent (or seven additional enrolled students per every 100 students) compared to 55 percent (or 36 additional enrolled students per every 100 students) of low-income economies. Looking at the results from a regional perspective, European and Western Hemisphere economies populate the first half of the ranking, while African economies are among the least efficient. 
Sensitivity Analysis
Unavoidably, the results are dependent on the size of the caliper and the step set during the first stage. This calls for some robustness checks. We perform a sensitivity analysis of the average inefficiency score and of the country rankings on efficiency by varying and . Figure 7 shows in two tri-dimensional charts how the average inefficient spending varies for each combination of and for the two income groups, with , = 1, 2,…, 20, where 20 corresponds to a 0.2 standard deviation of the output variable. Panels (a) and (b) show that increasing the size of the step and particularly of the caliper causes the size of the average potential gain to rise. This is due to the reduction in the numbers of efficient data points that the smaller calipers and the steps bring about. The surfaces are bumpy and the average potential gain scores drop drastically when the size of the step and the caliper are reduced. This is likely to be due to the reduced sample size. Notes: Average potential gain is expressed in additional enrolled students every 100 students. Actual caliper and step used are 1/100 of the values shown. The caliper and step are both defined in terms of standard deviation of the output variable.
We now check how sensitive the rankings are to the combinations of and . As shown in panel (a) of Figure 8 , the surface is relatively flat at around 75 percent of the Spearman rank correlation coefficient. While the size of the correlation coefficient is similar in panel (b), the surface is bumpier and this may be due to the lower number of observations for this group. In general, it can be argued that despite the reduced sample size, the rankings are robust to changes in the size of the caliper and step. Unsurprisingly, the Spearman rank correlation drops when the size of the caliper and step is drastically reduced.
Finally, we check the correlation between the efficiency scores generated by the hybrid model and those of a DEA with the same input and output as in the hybrid model (public expenditure per student on secondary education in PPP terms as input and secondary net enrollment rate as output). The Spearman rank correlation coefficient is 91 percent while the Kendall's tau-b coefficient is 80 percent, and both are statistically significant. 8 These results imply that the application of the hybrid approach generates some corrections with respect to the DEA ranking.
Second-Stage Analysis
We run a second-stage analysis to assess the determinants of education spending efficiency. Efficiency is represented by the efficiency scores calculated in the first stage, which are a rescaled measure of how much enrollment a country can achieve at current spending levels if it were as efficient as the most efficient country in the sample.
Ideally, any factor that has an impact on the output measure should be taken into account when determining the efficiency scores, i.e. in the first stage (see Burgess, 2006) . However, this is not straightforward in the context of the hybrid or non-parametric techniques, and SFA is not an option for the reasons described above. Thus, in line with the literature (see Gupta et al., 2007, and Verhoeven et al., 2007) , we perform a correlation analysis and run panel truncated 8 Kendall's tau coefficient is an alternative non-parametric measure of rank correlation. It penalizes dislocations by the distance of the dislocation, rather than the square of the distance as for the Spearman coefficient. The Kendall's tau-b (used in the paper) adjusts for ties. The variables we test and the expected effects, mostly in line with previous studies (see also Section 2) 9 , are the following:
GDP per capita. This captures the effect of the level of development on enrollment rates within our two country groups (lower income and higher income). 10 Since we split the sample, we expect the variable to take a positive sign, but if significant, to be of a small magnitude.
Rural population as a share of total population. It may be easier to provide quality inputs, including teachers and reading material, in urban than in rural areas. Similarly, the returns to education may be higher in urban areas because of the closer proximity to jobs which require higher levels of schooling (Jayasuriya and Wodon, 2003, and Herrera and Pang, 2005) . Spending may also be less efficient in rural areas because schools are generally further away and transportation systems are not as well developed as in urban regions; this makes it more difficult for students to enroll and attend class. Therefore, we expect a negative effect on education spending efficiency.
Population density. In areas that are less densely populated, students may live far from school and have higher opportunity costs of travel, making it more difficult to enroll. Thus, population density is expected to be positively associated with spending efficiency. Student-to-teacher ratio. In advanced economies, a higher student-to-teacher ratio is commonly associated with more efficient public education spending. In developing and emerging economies, however, these ratios are often very high and reduce the efficiency of spending. The World Bank (2005) indicates that a number of empirical studies identify an optimal threshold of 25 students per teacher.
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The general government wage bill as a share of government spending. Given that education is a labor-intensive activity, the government's labor policies can determine the efficiency with which outputs are delivered (Herrera and Pang, 2005) . Moreover, a high wage bill can squeeze out more productive inputs, such as instructional material. Thus, a higher wage bill is expected to be negatively associated with efficiency. Ideally, data on the wage bill in education (as a share of education spending) should be used, but this information is not widely available. Therefore, we use the general Level of adult literacy. Many studies control for the literacy of adults (Jayasuriya and Wodon, 2003; Herrera and Pang, 2005; and Greene, 2005) . More educated parents are likely to attach a higher value to education and have their children enrolled. Similarly, more educated parents tend to have healthier children and early child health is a long-run predictor of other social outcomes, including educational ones (see Almond and Currie, 2010) . Hence, we expect a positive effect of this variable on spending efficiency.
Income inequality. For a given level of income, a more equal income distribution (lower Gini coefficient) is expected to have a positive impact on enrollment rates. With a more equal distribution of income, a larger share of the population has sufficient income to attend school and forgo the income that would be generated by participating in the labor market (Herrera and Pang, 2005) .
Institutions. Better institutions are associated with higher efficiency of spending (Jayasuriya and Wodon, 2003, and Grigoli and Ley, 2012) . We measure the quality of institutions with the "government effectiveness" indicator in the World Bank's Governance Indicators database.
The results from the correlation analysis and the truncated regressions are broadly consistent. Table 4 (on the correlation analysis) suggests that population density, adult literacy, and government effectiveness are positively and significantly associated with the efficiency of education spending, as expected. The general government wage bill (as a share of total spending), as well as the share of the population living in rural areas and income inequality present negative and significant coefficients as expected.
The multivariate framework considerably reduces the number of observations and prevents the inclusion of all regressors in the same equation. The results of Table 5 suggest that population density, adult literacy, and government effectiveness are positively associated with efficiency in education spending, while rural populations and student-to-teacher ratios show a negative and significant coefficient. One noteworthy result is that inequality is bad for efficiency, as a higher Gini coefficient is associated with lower levels of efficiency.
The wage bill is found to be insignificant in the regressions, while the coefficient of real GDP per capita is not statistically different from zero in most of the specifications. The latter suggests that the sample split between higher-income and lower-income economies helps to reduce the bias imposed by income heterogeneity across the sample. As a robustness test, the equations are also estimated with time and regional dummies, as well as on an averaged cross-sectional data. The results are robust to these different specifications. Notes: Triple +++ (---) indicates that the efficiency score is positively (negatively) correlated with the associated factor at the 1 percent significance level. Double ++ (--) indicates that the efficiency score is positively (negatively) correlated with the associated factor at the 5 percent significance level. Single + (-) indicates that the efficiency score is positively (negatively) correlated with the associated factor at the 10 percent significance level. Notes: Standard errors are in parenthesis, ***, **, *, indicate statistical significance at the 1, 5, 10 percent levels, respectively, sigma is the estimated standard error of the regressions.
Conclusions
We measure the efficiency of secondary education expenditure by adopting the hybrid approach developed by Wagstaff and Wang (2011) . This allows us to take advantage of the strengths of DEA and SFA, while avoiding their weaknesses. As in the DEA, we identify efficient data points by relying on an envelopment process on a subsample of data points. At the same time, we allow for statistical noise by adopting the LOWESS method. Given that the efficiency scores are computed on the basis of observed data points from the sample, the approach avoids arbitrary assumptions on the functional form of the education production function.
We control for the level of development by splitting the sample into lower-and higher-income groups and estimate a hybrid frontier for each group, allowing the frontiers to be differently located and shaped. Then, we derive the efficiency scores by assessing the distance of data point to the closest point on the relative frontier. This should reduce the bias of having efficiency estimates affected by the level of development. We also introduce a modification to the original version of the hybrid approach by imposing an output orientation, which allows calculating the potential gains in terms of net enrollment at current spending levels. The latter is more suited for emerging and developing countries, where the main challenge is to improve educational outcomes, rather than reduce education spending.
The results suggest that education expenditure is inefficient in many emerging and developing economies, especially in Africa. We find that, on average, lower-income economies are less efficient than higher income ones. By eliminating inefficiency, lower income economies could raise the average net enrollment rate by 36 percentage points at current spending levels, compared with 7 percentage points in higher-income economies. The rankings are generally robust to different specifications.
These results are supported by a second stage analysis. In particular, reallocating expenditure to hire more teachers could improve the efficiency of public education spending where student-to-teacher ratios are high. Improving the quality of institutions would also have a positive effect on the efficiency of education spending. Finally, evidence suggests that easier access to public services (generally present in urban areas and areas with higher population density) makes education spending more efficient. One implication could be that complementary spending aimed at reducing the transaction and personal costs of attending school (e.g., investment in transportation) could have a spillover effect on the efficiency of education spending. In a similar vein, cash transfer programs could help reduce the opportunity costs (1) (2) (3) (4) (5) (6) (7)
Real GDP per capita PPP 0.000*** 0.000*** 0.000*** 0.000*** 0.000 0.000** 0.000*** -0.000 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) Rural population -0.014*** -0.013*** -0.011*** -0.010*** -0.014*** -0.008*** -0.006*** (0.003) (0.002) (0.002) (0.002) (0.002) (0.001) (0.001) Population density 0.001*** 0.000*** 0.000*** 0.001*** 0.000 0.000** (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) Student-to-teacher ratio -0.014*** -0.014*** -0.015** of staying in school. This, in turn, could boost school enrollments and increase the efficiency of education spending. 12 One noteworthy aspect of the results is that equity (in terms of income distribution) can be good for educational efficiency; countries with higher Gini coefficients tended to less efficient educational outcomes. This suggests that tax and expenditure policies that help reduce inequality can have a salutary effect on educational efficiency.
